Introduction
A key concept in much of economics is the lifetime income of individuals. It is therefore not surprising that the determinants of income inequality and intergenerational income mobility are subject to an intensive research program. 1 These determinants include shared environmental factors, such as a common family background, and genetically inherited traits. With a few recent exceptions (Björklund et al. 2005 and Benjamin et al. 2012 ) that all use Swedish data, the literature on the heritability of income has, however, relied on relatively poor proxies for lifetime income so far. 2 Maybe even more relevantly, the literature on the heritability of economic outcomes has been criticized both in the past (Goldberger 1979 ) and more recently (Manski 2011 ) of being policy irrelevant. Our contribution to the debate is to provide empirical results that go beyond the standard variance decomposition and to suggest that the decomposition results can be linked to economic policy in a systematic way. To this end, our analysis makes use of Finnish data on a large number of identical (monozygotic, MZ) and non-identical (dizygotic, DZ) twin pairs born 1950-1957 and proceeds in four main steps.
In the first step, we use accurate administrative data on the twins' prime working-age incomes from 1990 to 2004 and standard behavioural genetics designs to measure the importance of genetic heritability and shared environmental factors in generating variation in the twins' lifetime income. These decompositions show that genes explain a high share of variation in lifetime income, whereas the shared environment explains very little. In this regard, our results are similar to those reported recently for Sweden by Benjamin et al. (2012) . We find, moreover, that the genetic heritability is higher for men (50%) than for women (30%), but both sexes share the unimportance of the shared environment. These decomposition results are robust to a number of identification assumptions.
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In the second step, we address the policy relevance of these findings by studying how sensitive the decomposition results are to the removal of the effect of education on lifetime income. 4 We focus on schooling for three reasons: First, schooling is known to depend on genetic endowments (Behrman and Taubman 1989, Miller et al. 2001 ) and is hence a potential driver of the heritability of lifetime income. Second, schooling is in general thought to be a driving force behind (increases in) income inequality (e.g. Acemoglu and Autor 2011) . 5 Third, the recent evidence suggests that major schooling reforms have enhanced intergenerational earnings mobility. Meghir and Palme (2005) find, for example, that the Swedish educational reform increased the educational attainment and lifetime income of high ability students who had less educated parents. In similar vein, Pekkarinen, Uusitalo and Pekkala Kerr (2009) , using income data from [1995] [1996] [1997] [1998] [1999] [2000] for sons born [1960] [1961] [1962] [1963] [1964] [1965] [1966] , report that the intergenerational income elasticity for Finnish fathers and sons decreased from 0.30 to 0.23 because of a comprehensive schooling reform. Pekkarinen et al. hypothesize that the schooling reform benefited predominantly students from poorer families.
The individuals in our data effectively constituted the last cohort that obtained their primary and secondary schooling in the old, more selective, Finnish school system. Our results show that removing the effects of education on lifetime income of this cohort does not change the result that the shared environment plays a limited role, but reduces the share of the variance of lifetime income explained by genetic heritability by at least 10 percentage points. We argue that these results contribute to the policy debate about the effects of schooling reforms because they allow us to refine the interpretation of the school reform effect that Pekkarinen et al. uncover .
The third step of our empirical analysis addresses the critique that decomposition studies in economics do not fix the environment (a point emphasized by Manski 2011, see pp. 88 ). We take a step to this direction by studying how the decomposition results are affected by the macroeconomic environment. We find that the shared environment explains no variation in annual income and that both GDP growth and the Gini index of income inequality are positively associated with the variance share explained by genetic heritability. The latter result mirrors the point made by the critics that the decomposition results depend on the environment in which the data are generated. However, it also suggests that the vari-
ance decompositions may open a new way to understanding how the labor market allocation functions at different points of the business cycle. This may connect decomposition results with economic policy.
Finally, in the fourth step, we study an aspect of income that has not attracted attention before: heritability of income uncertainty (i.e., of the variation in annual income). We find that the genetic component of income uncertainty is roughly half of that of lifetime income and that the shared environment has a very limited role in explaining the variability of income uncertainty.
The remainder of this paper is organized as follows. In the next section, we first discuss the existing evidence. We then present the Finnish twin and register data in more detail. The third section describes how we measure lifetime income and estimate the contribution of shared environment and genetic heritability to its variance. There, we also discuss how we remove the effects of education, and report and discuss the results. The fourth section offers, to the best of our knowledge, the first ever look at macro-related variation in the heritability of income as well as the heritability of income uncertainty. Section 5 concludes.
2 Existing evidence and Finnish twin data
Existing evidence
The economic literature that uses twin data to analyse the determinants of the variance of income began with Taubman (1976) . A great advantage of the twin data is that it allows measuring how genetic, shared environmental and individualspecific (non-shared environmental) factors contribute to it. The relative contributions of these factors to the variance can under certain assumptions be identified, because MZ and non-identical DZ twins have a shared (family) environment, but unlike the identical MZ twins, the non-identical DZ twins share, like non-twin siblings, only one-half of their genes on average. Greater similarity in outcomes between the MZ twins is therefore indicative of the importance of genes.
6 Table 1 reports the sibling correlations of incomes for MZ and DZ twins as well as a standard additive variance decomposition implied by the siblings correlations (e.g. Posthuma et al. 2003) . While the decomposition relies on a number of restrictive assumptions, the following preliminary observations can be made:
First, the US estimates for the importance of the genetic component, h 2 , are close to those reported for Sweden. Second, the genetic component accounts for as much as 40% of income variation. 7 Third, the shared environment (c 2 ) accounts for a relatively small fraction, say 10 % or so, of the variance of the income.
Fourth, the individual-specific (non-shared environmental) factors (e 2 ) accounts roughly half of the variation in income. Fourth, with the exception of Miller, Mulvey and Martin (1997) , the genetic component is lower for women than for men, though one should note that this evidence is exclusively from Sweden.
[Insert Table 1 here] A particular challenge has been that the object of primary interest, lifetime income, has often been measured using poor proxies (Haider and Solon 2006, Böhlmark and Lindquist 2006) . 8 As Table 1 shows, most of the prior work uses a single cross-section and short-term income measures, such as annual earnings or hourly salary. 9 Notable exceptions are Isacsson (1999) and Björklund et al. (2005) , which both use three years of earnings data on Swedish twins over a spell of seven years, and Benjamin et al. (2012) who use up to 20 years of Swedish earnings data.
Besides the studies that focus on the heritability of income, there are a number of papers that are related to our work. A common denominator of them is that they all apply various variance decompositions to twin data in order to determine the importance of genetic and environmental factors for the variation of economic 6 The importance of genetic heritability in explaining variation in outcomes does not imply that policy would be ineffective (Goldberger 1979 , Manski 2011 . Note also that regardless of the policy (ir)relevance of the genetic variance share, the variance share of the shared environment is often acknowledged to be of policy relevance (e.g., Taubman 1981) . 7 See Sacerdote (2011) for a review. We discuss the assumptions that underlie this calculation in the next section and relax some of them in our empirical analysis. 8 This may lead, for example, to a gross underestimation of the strength of the intergenerational links (Haider and Solon 2006) . 9 There are many studies that use MZ twins to estimate returns to education. However, they seldom report correlations of incomes for MZ and DZ pairs.
outcomes (see also Sacerdote 2011 for a review). This branch of the literature include Behrman and Taubman (1989) and Miller et al. (2001) , who investigate the genetic heritability of education, Miller et al. (1996) and Schnittker (2008) , who focus on occupational status and socioeconomic position, and Nicolaou et al. (2008) , who examine the effect of genetic heritability on the likelihood of becoming an entrepreneur. More recent work has extended the literature by studying the genetic heritability of the formation of preferences (Cesarini et. al 2009, and Simonson and Sela 2011) and financial decision-making (Barnea et al. 2010, and Cesarini et al. 2010 Most of the attrition is due to death (e.g., of fatal diseases or accidents) and migration. 10 There are two other closely related branches in the literature. The first of them uses (non-twins) siblings and/or adoption data. Examples of this work include Björklund et al. (2006 Björklund et al. ( , 2007 , Jäntti et al. (2001) , Plug and Vijverberg (2003) , and Sacerdote (2002 Sacerdote ( , 2007 . The second related branch focuses on the intergenerational mobility and elasticity of incomes; see Solon (1999) and Björ-klund and Jäntti (2009) for reviews. 11 The zygosity of the twin pairs was determined using a deterministic method. It classified twin pairs on the basis of their responses to two questions on similarity in appearance in childhood. A subsample was taken for which the classification was redone using eleven blood markers. The classification results agreed almost completely, with the probability of misclassification of a blood marker concordant pair being 1.7% (Kaprio et al., 1979) .
We had the twin data linked to FLEED using personal identifiers. Haider and Solon (2006) for the U.S. and those of Böhlmark and Lindquist (2006) for Sweden suggest that this long-term sample average ought to be a reliable measure for the lifetime income. [Insert Table 2 here]
Since we observe the individuals at different stages of their life-cycles, we adjust the incomes for age and year. We obtain the adjusted income from a regression of the log of annual income on a constant, fourteen year dummies and a third order polynomial of age, using the panel data on individuals but run separately for men and women. The age-adjusted lifetime income is then computed as the withinindividual average of these residuals.
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Variance decompositions
We measure the importance of genetic factors and shared environment for lifetime income using a regression approach. As a background to the models we first consider the "quick-and-dirty" approach (Posthuma et al., 2003) and Fulker (1985) , and further developed by Waller (1994) , Kohler and Rodgers 12 When calculating the income measure we include only the years when the unadjusted income has been above 100 euros. 13 Genetic effects on a trait are the sum of all effects of single genes and their interaction. Genes can have different effects due to genetic variation at a single base pair in the genome or to larger genetic structural variation. The variants at a locus in a gene are known as alleles. If the effect of carrying no, one or two alleles (as humans have two DNA strands) is additive on the trait, these are summed as additive genetic effects. Non-linear effects at a single locus are termed as dominance, while interactions between loci result in effects termed as epistasis. Additive effects are transmitted from parents to children, while effects due to dominance are not correlated between generations. Broad sense heritability refers to all kinds of genetic contributions, including additive, dominant, and epistatic. Narrow sense heritability refers solely to the additive genetic factors. (See Posthuma et al., 2003.) (2001) and Rodgers and Kohler (2005) , among others.
14 The simplest version of the DeFries and Fulker (DF) model is a regression model that relies on the assumptions of the additive genetic model, i.e. assumptions i)-iv). It is typically called the ACE-model and can be written as h , respectively (DeFries and Fulker, 1985, Rodgers and McGue, 1994) . If the estimate of 1  is negative, the model is not consistent with the decomposition and the shared environmental term should be dropped. It is often dropped also when the estimate is statistically not significant. The model is then called the AE-model.
Genetic effects need not be additive, but can be of a dominant form. Such effects can be accommodated in the DF-model by reformulating it to
where D is the coefficient of dominant genetic relatedness (with D = 1 for MZ twins and D = 0.25 for DZ twins; Waller, 1994 ). This model is often called the ADE-model. In (2), 3
 estimates narrow-sense heritability, 4  the dominance effect, and 3  + 4  estimates broad-sense heritability (Waller, 1994) . alternative models ought to be considered and that dominance effects may be present (Waller, 1994 ). In the ADE-model, the narrow sense heritability, measured by the coefficient 3  is 7% (but not significant) and the 15 In (1) and (2), the value for twin 2 of a pair of twins is an explanatory variable for twin 1´s outcome. However, it is not possible a priori to decide which of the twins is twin 1 and which is twin 2. The DF regression analysis is therefore performed in the double entry form, i.e. each twin pair is entered into the data twice: The first observation uses the outcome of twin 1 as the dependent variable and that of twin 2 as the explanatory variable. The second observation reverses the roles. This procedure means that standard errors are clustered at twin pair level for correct inference (see Kohler and Rodgers, 2001 Table 3 here]
Empirical results
Main results
Robustness
We have checked the robustness of the results displayed in Table 3 in a number of ways:
First, we run the DF-regressions using a larger sample that includes both twin pairs born between 1945 and 1949 and those born between 1950 and 1957.
There is some evidence for dominance effects for in these estimations. Based on the signs of the coefficients and the AIC criterion the AE model is preferred for females and the ADE model for males. The magnitude of genetic heritability implied by these models is 33% for women and (broad sense heritability) 50% for men (see Appendix 1, Table A1 ).
Second, we run the regressions using a broader income concept including capital income and transfers, such as unemployment benefits and parental leave benefits (see Appendix 1, Table A2 ). The magnitudes of the genetic effects are slightly higher than to those reported earlier in Table 4 . For women the effect is over 40% in the AE model and for men close to 60% in the ADE model.
Third, we rerun the regressions using untrimmed, larger samples. Taking into account all nonzero (unadjusted) incomes gave results that were marginally lower than to those in Table 3 : genetic heritability accounted for only 14% of the variation of lifetime income for women in the ACE model, but 32% in the AE model. For men the share of genetic heritability was 48% in the ADE model. Finally, we included also the zero observations by using log(income+1) as the (unadjusted) annual income. In this case the genetic effect was 38% for women in the 17 The simple decomposition using the correlations again gives similar results. Fourth, the results are robust to not doing the age adjustment. These results are available on request, too.
Comparison to Björklund et al. (2005)
As a final robustness test, we address issues raised by Björklund et al. (2005) .
With the help of rich data on different types of Swedish siblings reared together and reared apart they were able to relax some of the assumptions of the standard decomposition models that we use. They relaxed one assumption at a time and found that i) the correlation of DZ twins' so-called genotypes was 0.43 instead of the assumed 0.5; ii) that the gene-environment correlation was not zero, but a small negative correlation existed (though it was statistically insignificant; and iii) the correlation of rearing environments for male (female) DZ twins reared together was 0.406 (0.282) instead of the assumed 1.00. These findings, and especially the last one, lead them to conclude that the genetic component in income is much smaller than what is usually estimated.
The above results are potentially important for our findings. As we lack the kind of data Björklund et al. (2005) had, we resort to the following approach:
First, we take those parameters they were able to estimate, and assume they apply to our data. This seems plausible given that our baseline results are so close to those reported in the studies that use the same decomposition model and Swedish data. Second, we base our calculations on the approach developed by Bowles and Gintis (2002) . It relaxes the assumption that the environments experienced by MZ twins are similar to those of DZ twins, allows for a non-zero gene-environment correlation, and does not call for random mating. In particular, the model allows the environment of a sibling to depend on both the shared environmental factors and on genes. Appendix 2 describes our implementation of this approach in greater detail; it suffices to note here that the results support our main qualitative findings.
The effect of education on income decomposition
Education is without doubt the determinant of earnings that has attracted the most attention by economists. The way in which education is provided is also clearly a policy decision, as demonstrated e.g. by the studies of Meghir and Palme and Pekkarinen, Uusitalo and Pekkala Kerr cited above. The results of these authors suggest that changing the Swedish and Finnish educational systems from selective to comprehensive enhanced intergenerational mobility and benefited especially high ability students with poor parents. Another angle from which the effect of education on the decomposition of income is interesting is the observed increase in income inequality, especially during the last couple of decades. This phenomenon has been linked to a rising premium on (college) education (e.g., Acemoglu 1998).
To explore the importance of education for our main results, we run our DF- Table 4 . Second, as an alternative approach, we deduct the effect of education from the age-adjusted income of each individual directly before performing the decomposition estimation. We produce this estimated effect by first estimating a within-twin-differenced model using only MZ twins with the age-adjusted (log) lifetime income as the dependent variable and including only years of education as an explanatory variable. We then deduct the estimated return to actual schooling for each individual (both MZ and DZ) from the age-adjusted lifetime income.
This approach accounts for the endogeneity of schooling with the shared environment and genetic traits. 18 The results from these adjusted DF-regressions are displayed in panel B of Table 4 .
[Insert Table 4 here] 18 The estimated return to one more year of schooling was 0.058 (s.e. 0.020) for women and 0.080 (0.016) for men. The sample for women (men) consisted of 620 (494) twin pair observations. These results can be directly compared to those presented in Table 3 . Starting from panel A of Table 4 where we add education as a control variable into the models, the first observation is that our results on the non-significance of the 
Summary and interpretation
Taken together, we find that 24% (54%) of the variance of women's (men's) lifetime income is due to genetic factors and that the contribution of the shared environment is small or negligible. Moreover, it seems that taking education into account reduces the variance share of genetic heritability by 5 percentage points for women and by 8 for men, but has no effect on the relative unimportance of the shared environment.
Given that the twins in our data constituted the last cohort that obtained their primary and secondary schooling in the old Finnish school system, these results have two policy implications:
On the one hand, the reduction in the degree of genetic heritability due to schooling suggests that the old, less comprehensive Finnish schooling system may have magnified the effects of genetic heritability on income. Another way to interpret the reduction in 2 h is that from 5 to 8 percentage points of the variance share of genetic heritability was channeled through schooling in the old Finnish selective school system. This could be due to e.g. parents reinforcing endowment differences among their children when deciding whom to educate further (see, e.g., Behrman et al. 1994 ).
On the other hand, both the shared (family) environment and genetic heritability are components of intergenerational income mobility. The previous analyses by Pekkarinen et al. (2009) ferred in 11 of the 15 years, and the AE model in 4 years. The ACE model could be ruled out in practically all of the years for both genders and we leave it out of the subsequent analysis. We present the figures by gender, separately for the AE and ADE-models (left axis) over time and plot also the real growth of GDP (right axis) and the Gini-index of income inequality (left axis). 24 These two variables may co-vary with the share of heritability in the variance of annual incomes for a number of reasons: For example, the share of heritability may be lower during economic booms, if good macroeconomic conditions are associated with better employment and overall increases in income. One could also expect that the share of heritability is smaller in times of a more compressed income distribution.
[Insert Figure 1 here] Figure 1 shows that the yearly heritability estimates are relatively stable (though not constant) for women. The yearly heritability estimates are, on average, slightly lower than the estimates we obtained using the lifetime income as the outcome measure. 25 This finding is in accordance with Benjamin et al. (2012) , who find that heritability is somewhat lower in the annual data (see also Table 1 ). For men there is more variation over time in the results. Overall, it seems that the estimates may correlate with the GDP growth, especially for females. The variations in the Gini-index are so small that it is difficult to judge from the graph whether there is any correlation.
[Insert Table 5 here]
To study these links more systematically we regress the gender-specific yearly heritability estimates on a gender dummy, real growth of GDP and the Gini-index. The results are displayed in Table 5 . The coefficient of GDP growth is positive and statistically significant (admittedly only at 7% level) using the ADE models' heritability estimates. When we use the AE model heritability estimates, the coefficient of GDP growth is positive, but not statistically significant. The 24 The Gini index measures the inequality of gross income and is from the income distribution statistics of Statistics Finland. The GDP data is from the StatFin database. 25 For men the averages of the heritability estimates in the AE and ADE models are 0.33 and 0.37, respectively. For women the average is 0.24 in all of the models.
coefficient of the Gini-index is always positive, but marginally statistically signif- That is, how much of the variance in inter-temporal income uncertainty these factors account for? To the best of our knowledge, the prior literature does not provide an answer to these questions, despite the fact that income uncertainty and risks have been subject to a considerable research program.
As we understand it, estimates for the heritability of the second moment of the income distribution are not available in the prior literature for two reasons:
First, earlier analyses have not relied on income data over several years, which is required to measure income uncertainty at the level of each individual. Second, measurement errors make the heritability analysis of income uncertainty difficult, as it is likely to bias the heritability estimates downwards. Having access to administrative tax register data on income alleviates to some extent these measurement issues.
To obtain a measure for income uncertainty at the level of individuals, we use the annual age and time adjusted income data for the same individuals and years we used in our main analysis and calculate the standard deviation of the 26 Using the coefficient from the ADE model, our results suggest that the effect of GDP growth on the heritability of income between the years with highest and lowest GDP growth is 6.204 6.013 0.005 0.06. Using twice the standard deviation of GDP growth (3.37) gives a number half as large. For the Gini-index the figure using the largest and smallest values for the Gini-index and the coefficient from the ADE model is 30.8 25.1 0.010 0.06. We acknowledge that these calculations are by no means conclusive, as they are based on a small sample and imprecisely estimated coefficients. 27 Another way of interpreting this calculation is to see it as a demonstration of gene-environment correlation.
income measure separately for each individual over the sample period (i.e., the standard deviation of the residual from the regression of logarithm of income on time effects and a polynomial of age). Table 6 displays the descriptive statistics for this measure in our sample. It shows that income uncertainty is, on average, greater for females than for males. The means of the uncertainty measure are very similar in the MZ and DZ subsamples.
[Insert Table 6 here] Table 7 presents the results of the DF-analyses. For women the AE model is preferred, based on the signs of the coefficients and the AIC criterion. The estimate of 2 h is highly statistically significant and shows that 17% of the variance of women's income uncertainty can be attributed to genetic factors. The corresponding estimate of genetic heritability for men is 35%, using the preferred ADE model. These findings confirm the conclusion that genes matter for the income risks that people face in their prime working age.
[Insert Table 7 here] These results are robust to using the individual-specific average of the absolute value of the income measures (i.e. mean absolute value of the residual) as an alternative measure for the income uncertainty (results not shown).
Conclusions
Consistent with the results of Benjamin et al. (2012) for Sweden, we find that the heritability of long-term income is high in Finland with genetic heritability explaining over 20% of variation in lifetime income for women and over 50% for men. We also find that the shared (family) background plays a minor role in explaining variation in lifetime income. Genetically inherited traits may thus have a surprisingly large contribution to the correlation in the lifetime incomes of siblings and to intergenerational income persistence even in the equitable Nordic countries.
While the policy relevance of the variance share of genetic heritability has been questioned, our finding that controlling for differences in education reduces this share by 5-8% while not affecting the relative unimportance of the shared environment is, in our view, policy relevant: it means that the old, less comprehensive Finnish schooling system may have magnified the effects of genetic heritability on income. This could have been the case, for example, if parents reinforced at the time endowment differences among their children when deciding whom to educate further (see, e.g., Behrman et al. 1994) . We also provide novel evidence on the heritability of income uncertainty (i.e., in annual variation of income) and some evidence of gene-environment interaction that is related to the business cycle and income distribution. These findings suggest that variations in labor market conditions that are related to the state of the macroeconomy have a direct impact on the variance share of income explained by genetic heritability, thereby linking the variance share to economic policy. , it has been set to zero, and the corresponding value has been deducted from h 2 . Earnings (income) data refer to a cross-section in the US and Australian studies. Ashenfelter and Rouse (1998) average the income over time for those twins (25% of the sample) who were interviewed more than once. They do not show the correlations, but those are reported in Harding et al. (2005 , fn. 4). In Miller et al. (1995 , 1997 ) the earnings measure is the average full time income from the occupation of employment, measured at the level of 2-digit, gender-specific occupational groups (i.e., it is not measured at the level of individuals). Isacsson (1999) and Björklund et al. (2005) use incomes from 3 years over a 7-year period and Cesarini (2010) from 3 years over a 5-year period. Benjamin et al. (2012) use data from consecutive years. They also show the correlations for 10-year and 3-year average log incomes, which are not reported here. Most of the multi-year studies adjust the incomes for age. .4
. In this appendix we check the robustness of our main heritability results to the observations made by Björklund, Jäntti and Solon (2005) . To achieve this goal we use the heritability model of Bowles and Gintis (2002) . The two key correlation moments of the model are (see Bowles and Gintis 2002, p. 23-27 , especially their equations (8) and (9) The models of Björklund et al. (2005) allow, one at the time, for non-random mating, a nonzero gene-environment correlation, and a shared environment of the DZ twins that is different from that of the MZ twins. Their findings from these various models suggest that i) the correlation of DZ twins' genotypes, 1 2
(1 ) y m  (see, Bowles and Gintis, 2002, p. 26 for this expression), may be about 0.43 for males (0.39 for females), as opposed to 0.5 of the standard model; that ii) the geneenvironment correlation is negative (but small in absolute value and insignificant statistically); and that iii) for male (female) DZ twins, the correlation of environments may be as low as 0.406 (0.282), when the corresponding correlation for the MZ twins is standardized to one. Given the similarity of the Nordic countries, it seems prudent that we consider these values in our robustness tests.
The results are displayed in Table A3 , separately for women (Panel A) and men (Panel B).
Each panel has three sub-panels. In the first sub-panels, we impose 0 Basic decomposition Bowles-Gintis decomposition Basic decomposition Bowles-Gintis decomposition Table A3 : Bowles-Gintis model (continued) 
